Inferring evolutionary relationships among highly divergent protein sequences is a daunting task. In particular, when pairwise sequence alignments between protein sequences fall <25% identity, the phylogenetic relationships among sequences cannot be estimated with statistical certainty. Here, we show that phylogenetic profiles generated with the Gestalt Domain Detection Algorithm-Basic Local Alignment Tool (GDDA-BLAST) are capable of deriving, ab initio, phylogenetic relationships for highly divergent proteins in a quantifiable and robust manner. Notably, the results from our computational case study of the highly divergent family of retroelements accord with previous estimates of their evolutionary relationships. Taken together, these data demonstrate that GDDA-BLAST provides an independent and powerful measure of evolutionary relationships that does not rely on potentially subjective sequence alignment. We demonstrate that evolutionary relationships can be measured with phylogenetic profiles, and therefore propose that these measurements can provide key insights into relationships among distantly related and/or rapidly evolving proteins.
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ab initio ͉ retroelements ͉ reverse transcriptase ͉ GDDA-BLAST T he ''protein problem'' has remained unsolved despite decades of research (1, 2) . In principle, one expects that the primary amino acid sequence of a protein determines its structure, function, and evolutionary (SF&E) characteristics. Yet, there still is no reliable method for predicting the native state structure of a protein and its function given only its sequence. In addition, inferring the evolutionary relationships among highly divergent protein and/or rapidly evolving sequences is a daunting task. In general, when pairwise sequence alignments between protein sequences fall below Ϸ25% identity (i.e., the ''twilight zone''), the assignment of positional homology is so difficult that it becomes impossible to safely estimate phylogenetic relationships (1, 3, 4) . However, a small number of conserved residues (Ϸ8% identity) can coordinate the 3-D fold and/or function of proteins (5) (6) (7) . Conversely, two proteins that share 88% identity can still retain independent structure and function (8) .
The aforementioned studies point out that quantitatively measuring data spaces in the protein world (i.e., the sequence, structure, and functional space that proteins occupy) is a fundamental question facing evolutionary/computational biologists, with further questions arising. Is there any equation that quantitatively connects these protein spaces to protein evolution? Which residues within amino acid sequences best reflect the evolutionary history of a given protein? Do proteins with similar sequence and structure necessarily share a common ancestor? Furthermore, if sequence and structure similarity suggest an evolutionary history, can weak similarities be strengthened by functional connections? All of these questions are essentially connected to the protein data space; however, to date they have not been clearly solved either experimentally or theoretically.
Common computer alignment programs such as BLAST and FASTA (9, 10) often fail to detect distant protein relationships with sufficient statistical significance (3) . This has spurred a Herculean effort from many researchers to develop strategies for detection of statistically significant similarities between distantly related proteins. For example, Blake and Cohen (11) built new amino acid substitution matrices for improving the accuracy of sequence alignment. More recently, advanced sequence comparison methods have been developed on the basis of shared features of sets of related sequences such as protein families. Examples of such approaches are templates (12, 13) , profiles (14) (15) (16) , hidden Markov models [HMMs; (17, 18) ], and PSI-BLAST [position-specific iterated BLAST (19) ]. In addition, threading algorithms are also intended to improve detection of homologous pairs from the sequence space in the twilight zone. Most of them were reported to show higher quality detection of evolutionary relationships of proteins compared with previous methods. In particular, Park et al. (3) reported that the SAM-T98 and PSI-BLAST (sequence profile-based algorithm) show threefold higher performance to detect the homologous relationships-between the sequences with Ͻ30% sequence identitycompared with the ordinary pairwise methods of FASTA and gapped BLAST (19) . They determined that comparison of query sequences with models of clustered multiple sequence information can be more sensitive than using a single sequence alone. This is also true of LEK clustering, which performs and allagainst-all comparison of sequences within a dataset (20) , and has been successfully used to determine divergent evolutionary relationships (21) .
What unites all of these methods is their exploitation of information encoded in multiple sequences. The recent explosion in the availability of knowledge bases and computational techniques for the analysis of complex data has created an unprecedented opportunity for teasing out invaluable information from protein sequences. Starting with a basic premise that protein sequence encodes information about SF&E, we proposed that phylogenetic profiles provide a unified framework for inferring SF&E from sequence information (22) . Herein we demonstrate that the gestalt domain detection algorithm-basic local alignment tool (GDDA-BLAST) generates phylogenetic profiles that have the capacity to derive phylogenetic relationships for highly divergent proteins in a quantifiable manner, entirely independent of multiple sequence alignment (MSA). Results from our computational case study on a benchmark set of the highly divergent family of retroelements generally accord with those previously reported, and demonstrate that GDDA-BLAST measurements can be treated as ''fingerprints'' that can be used to derive distance estimates, and thus phylogenetic relationships, without prior information.
Results
Retroelements Are a Benchmark Set for the Twilight Zone of Sequence Similarity. Self-replicating genetic elements such as retrotransposons use reverse transcriptase (RT, an RNA-dependent DNA polymerase) to multiply via an RNA intermediate copied into DNA (23) . These highly diverse and likely ancient proteins are extremely effective to replicate and, along with other transposable elements, make up Ϸ50% of eukaryotic genomes by weight (23, 24) . The first RT was discovered as a retroviral encoded enzyme (25) . Subsequently, multiple genetic elements from diverse organisms have been shown to encode proteins that share sequence similarity to the retroviral RT, including cellular telomerase (23) . Given (a) the Ͼ20 years of research/literature on this protein family, (b) the extreme nature of divergence within the known family members, and (c) its implications for the early evolution of life on earth and major infectious diseases of humans (26) , retroelements are an excellent and rigorous benchmark set to test whether phylogenetic profiles can measure evolutionary distances.
The RT domain is the only known region in common to all classes of retroelements and therefore is often used for comparative analysis (23, 27, 28) . Within the highly divergent RT domain, seven conserved motifs in the catalytic region of the enzyme have been identified that enable phylogenetic inferences of retrotransposons (23, 27, 29, 30) . However, limiting the alignment space to these motifs requires potentially subjective manual editing, generating few phylogenetically informative sites. Thus, deep phylogenetic relationships are often ambiguous at best. Indeed, even these seven conserved motif are as divergent as their functional constraints will allow (23, 31) . As a consequence, the precise phylogenetic relationship of the retroelements is still a subject of debate.
We curated 88 RT-containing sequences representing 11 groups of retroelements [see supporting information (SI) Table  S1 for complete description and ref. 23 for excellent review]. The individual groups are from a broad range of taxa and comprise (i) long-terminal-repeat RTs (LTR: containing Ty1/Copia, Ty3/ Gypsy, and BEL/Pao subgroups); (ii) retroviruses (e.g., HIV); (iii) pararetroviruses (RT-containing DNA viruses), including hepadnaviruses of animals (e.g., hepatitis B) and caulimoviruses of plants (e.g., cauliflower mosaic virus), (iv) tyrosine recombinase RTs (e.g., DIRS-1 elements); (v) non-LTR retrotransposons; (vi) Penelope-like elements (PLE); (vii) telomerases (TERT); (viii) group II introns (i.e., retrointrons); (ix) Mt Plasmids (i.e., retroplasmids); (x) Ms DNAs (i.e., retrons); and (xi) diversity-generating retroelements (DGR) (23, 24, (32) (33) (34) .
Quantitative analysis of within-group and between-group variations in sequence similarity was performed by using global pairwise alignments on the RT domain (see Materials and Methods, Table S2 , and Fig. S1 ). Overall, the average percentage identity between 88 RT sequences was 17.7% (Ϯ 6.0% s.d.). Specifically, 3,644 pairs (95.2%) among 3,828 possible pairs of these 88 sequences have Ͻ25% sequence identity. Within our dataset, the group with the highest sequence identity is the Mt plasmid group (mean 61.2% identity Ϯ 41.8% s.d.), and the group with the smallest sequence identity is the telomerase group (mean 17.9% identity Ϯ 4.4% s.d.). As a whole, RT sequences reside in the twilight zone of sequence similarity, underscoring the reason why deducing evolutionary relationships within the RT family is extremely challenging. We sought a method independent of multiple sequence alignment for inferring homology in this key protein family, based on our central hypothesis that profile-sequence alignments below statistical thresholds are not necessarily random, can retain biologically relevant information that is not reflected by chance similarity, and can be encoded into an informative phylogenetic profile matrix.
Phylogenetic Profiles and GDDA-BLAST Concept. A phylogenetic profile of a protein is a vector, where each entry quantifies the existence of the protein in a different genome (35) (36) (37) (Fig. 1A  Left) . This approach has been shown to be applicable to whole molecule (single profile method), to an isolated domain (multiple profile method), and to individual amino acids. Further, information obtained from phylogenetic profiles allows for the generation of hypotheses about their specific functions (e.g., interaction partners), many of which are supported by existing biochemical studies. Importantly, GDDA-BLAST matrices are a variation of phylogenetic profiles. In our case, a protein is a vector where each entry quantifies the existence of alignments with a protein domain profile ( Fig. 1 A Right) . The basic idea underlying GDDA-BLAST is to begin by compiling a set of sequence profiles with which the query sequence is compared (Fig. 1Bi) (22) . These profiles can be obtained from any protein-sequence knowledge base source [e.g., Protein Data Bank, Pfam, SMART, National Center for Biotechnology Information Conserved Domain Database (CDD)] (18, 38, 39) . We employ reverse specific position BLAST (rps-BLAST) (19) to detect protein domains in each query using their position specific scoring matrices (PSSMs) (39) , and have introduced multiple innovations in GDDA-BLAST. We use a single domain profile database for pairwise comparisons. Then we record and quantify all alignments between an unmodified (control), and modified query sequence. To demarcate the Nand C-terminal RT domain boundaries, we used overlapping control alignments with 16 RT-specific profiles to define the regions of GDDA-BLAST measurements (see Materials and Methods and Table S2 ). Modified query sequences are produced by adding a standard sequence length from a profile, creating a consistent initiation site (see Materials and Methods and ref. 22 ). This consistent initiation site allows rps-BLAST to extend an alignment even between highly divergent sequences (22, (40) (41) (42) (43) . This strategy is designed to amplify and encode the alignments possible for any given query sequence. Moreover, it is also a way of resampling the query sequence space; instead of a sliding window, we use a sliding ''seed.'' Seeds are generated from profiles by taking a portion (e.g., 3%-50%) of the profile sequence (e.g., from the N terminus, from the middle, or C terminus) (Fig. 1Bii) . The variable seed length is designed to capture partial domain alignments from either direction. These seeds are inserted at each position of the query sequence. For example, a query sequence of 100 amino acids yields 100 distinct test sequences for each seed (Fig. 1Bii) . A pairwise alignment for each of these modified query sequences is then measured against the parent profile by rps-BLAST (39) (Fig. 1Biii) . Next, we filter our results from rps-BLAST using thresholds of number of hits, and/or percentage identity and coverage (i.e., alignment length as a function of profile length) (Fig. 1Biv) . The output of these comparisons is a composite (product) score of either zero (when there is no significant match) or a positive value (which measures the degree of successful matching of the protein sequence to each of the profiles). This procedure can be readily adapted to make an unbiased comparison between a series of query sequences by subjecting them to the same screening analysis with the same set of profile sequences as those of the seeds. Thus, each query sequence is represented in a vector of nonnegative numbers in M dimensions (M ϭ number of domain profiles tested) (Fig.  1Bv) . This data can then be used to create a tree of relationships based on standard statistical techniques such as Euclidian distance between each query sequence (22) (Fig. 1Bvi-vii) .
Quantitative Statistics of GDDA-BLAST Measurements. Using GDDA-BLAST, we aligned each of the unmodified 88 RTcontaining sequences with all available profiles from National Center for Biotechnology Information's CDD (39) . Next, we used a representative set of 43 RT sequences and 8 different seed sizes. We determined that the average number of positive profiles increases as a function of seed size, yet saturates as the seed size increases Ͼ15% (logistic fit R 2 ϭ 0.98405, data not shown). Therefore, we modified each sequence with a 10% seed size of an N-and C-terminal seed from each profile and performed high-throughput sequence alignment with the parent profile using rps-BLAST. (Fig. 2 A) . Importantly, we determined that alignments from the control, unmodified query do not always appear in the resampled seeded query space. These data also demonstrate that using a 60% coverage threshold removes the majority of alignments which do not improve with resampling. Therefore, resampling by seeding is one way to differentially weight alignments that can often be in similar identity/coverage ranges. Fig. 2B depicts the frequency of the 16 RT-specific profiles aligning with our dataset in control and resampled conditions. We observe that resampling increases the frequency of coverage in 14/16 cases, demonstrating that resampling can improve alignments with homologous RT profiles.
Performance Test of Ab Initio Evolutionary Measurements. GDDA-
BLAST. To test our hypothesis that phylogenetic profiles can derive information on genetic distance (and hence phylogenetic relationships), we quantified the Euclidean distance for each pairwise comparison in the array of 88 RT sequences from 24,280 points. Based on this measurement, an 88 ϫ 88 distance matrix was obtained for the RT sequences and an unrooted tree was derived using the distance-based minimum evolution method available in MEGA (Fig. 3A) (44) . In data not shown, we tried several different types of scoring methods (e.g., on/off binary-type score, total alignment score, composite score, weighted hit number score) and methods of phylogenetic inference [e.g., neighbor-joining, minimum evolution, Unweighted Pair Group Method with Arithmetic mean (UPGMA)]. Previously reported phylogenetic trees (23, 27, 28, 31, 45) have shown that most, if not all, of the RT groups are monophyletic. At our current settings, the tree with the highest degree of monophyly is obtained when the composite (product) score is used with the minimum evolution method. In this Quantitative statistics for all control alignments in 88 RT sequences over the RT domain boundary. In these plots, we are comparing profile alignments from the control unmodified query (black) to those same profiles in the resampled seeded query (red). The distributions of query sequence length, percentage identity and percentage coverage are plotted (left to right) as a function of normalized hits (i.e., ratio of the total number of alignments to the modified query number, scaled between 0 and 100). The results indicate that resampling by seeding is one way to differentially weight alignments that can often be in similar identity/coverage ranges. (B) Bar graph depicting the frequency (% of total, n ϭ 88) of the 16 RT-specific profiles aligning with our dataset in control (gray) and resampled (blue) conditions. The results indicate that resampling by seeding increases the frequency in 14/16 cases. This demonstrates that the consistent initiation site allows rps-BLAST to extend an alignment even between highly divergent sequences.
tree, nearly all of the 88 RT sequence display monophyly [from random considerations the probability of clustering these sequences ϭ (1/14) 88 ]. Importantly, we observe multiple within-group and between-group clades in our tree that are corroborated by multiple independent studies. These relationships include (i) a clear segregation of the LTR and prokaryotic clades, (ii) telomerases and PLE occurring as sister groups, and (iii) the overall topology of the LTR clade. A Fig. 3 . Phylogeny of 88 retroelements with statistical support values. (A) Unrooted phylogenetic tree of the RT domain region within 88 RT sequences derived through the estimation of evolutionary distances using GDDA-BLAST. The pairwise distances among them were acquired based on Euclidean distance measurement in the 88 ϫ 24,280 data matrix, and an unrooted phylogenetic tree was derived from the 88 ϫ 88 distance matrix by using a minimum evolution method. This distance measure was automatically computed without manual correction. The tree is drawn to scale, with branch lengths in the same units as those of the Euclidean distances calculated from the data matrix. Two kinds of statistical estimation for tree branching were performed and are displayed on each branch of the unrooted tree. These values are listed in the order of jackknife value and bootstrap value. The blank marked ''Ϫ'' in the statistical support indicates that the clustering of the branching connection cannot be measured in a standardized fashion by the given resampling method (see Materials and Methods). Bootstrap and jackknife values were obtained from 1,000 replicates and are reported as percentages. (B) Unrooted phylogenetic tree of the RT domain region within 88 RT sequences produced by multiple sequence alignment with the Dialign algorithm (default settings) and the estimation of their evolutionary distances by minimum evolution method (pairwise deletion of gaps, amino: Poisson correction, ␥ parameter ϭ 1). Bootstrap values were obtained from 1,000 replicates and are reported as percentages. For both A and B, the individual groups are labeled with a bracket. The major differences between these two trees lie in the statistical support values and the placement of the Mt plasmids, hepadnaviruses, and LTR BEL subgroup.
We tested the robustness of the GDDA-BLAST phylogeny by two types of resampling methods: bootstrap and jackknife, each with 1,000 replicates. These statistical support values are displayed in order of jackknife and bootstrap in our tree (Fig. 3A) . Despite no measurable statistical support at some nodes, several noticeable features are found in the statistical values to support reliable branching patterns. Multiple sequence alignment. As comparison we performed multiple sequence alignment of 88 RT domains (as defined by GDDA-BLAST) with various established algorithms that measure evolutionary distance [e.g., ClustalW (46) , MUSCLE (47, 48) , K-align (4, 49) , and Dialign (50)]. From each of the resulting alignments we inferred a minimum evolution tree (see Materials and Methods and Fig. S2 ) that includes no manual editing. When trees are constructed by using complete deletion of gaps, none of these methods provide a monophyletic tree (data not shown). When we perform our analyses with pairwise deletion of gaps, both ClustalW and Dialign obtain a monophyletic tree. The tree generated with Dialign obtains the best statistical support of all methods tested and is very similar to the one generated by GDDA-BLAST in both monophyly and topology.
Discussion
Our case study using a benchmark phylogeny in the twilight zone of sequence similarity demonstrates that phylogenetic profiles are capable of inferring deep evolutionary relationships. Thus, we conclude that phylogenetic profiles generated using profilesequence alignments below statistical thresholds are not necessarily random and can retain biologically relevant information that is not reflected by chance similarity.
It is important to compare the independent results obtained by GDDA-BLAST and Dialign with results in the literature obtained by manual editing of retroelement sequences. Based on random considerations, obtaining similar results for the 14 clades of retroelements tested with GDDA-BLAST and Dialign is grossly improbable. For example, non-LTR and LTR elements are clearly distinct, as has been suggested previously (27, 33) . Telomerases and PLEs also form a sister clade as reported by Arkhipova and Doulatov (28, 33) . In large part, both phylogenies also recapitulate the results of Goodwin and Poulter for the topology of the LTR group, including retroviruses and pararetroviruses (32) . With the exception of Mt plasmids, the topology for the prokaryotic group is the same in both analyses, which accord with previous studies (23, 28, 33 ). All MSA methods tested here and manually edited trees in the literature place the Mt plasmids in the prokaryotic group. Conversely, GDDA-BLAST places Mt plasmids with the telomerases and PLEs, although this position has no statistical support. Nevertheless, it has been demonstrated that Mt plasmids have 3Ј terminal repeats similar to those of chromosomal telomeres, making them the potential precursor of telomerase (51) . Another key difference between the Dialign and GDDA-BLAST results is the placement of the hepadnaviruses. Dialign places the hepadnaviruses between the Bel/Ty1 clades, in contrast to the results obtained with GDDA-BLAST and previous reports (32, 52) .
Within the twilight zone of sequence similarity, statistical support can help eliminate evolutionary ambiguities. Although none of the ab initio methods tested here obtained robust deep-branch statistical support, having an independent approach to estimate evolutionary relationships undoubtedly represent an important advance (Fig. 3) . Determining the data points collected by GDDA-BLAST that are informative for SF&E annotation should enable us to optimize and refine our approach. Evidence for this idea is shown in Fig. S3 . In these analyses, we limited our measurements to the profiles in the control preparation that are ''active'' (defined by having a normalized hit ratio Ͼ25). When we generated trees from both the unmodified and modified sequences for these profiles, we observed that even this limited subset of profiles have significant informational content. When we further limited this tree to only the most frequently occurring alignments, we obtained the 16 RT domain-containing profiles present in the CDD. Intriguingly, we still observe significant monophyly that is well above random. Based on these results, it is reasonable to consider that expanding only the informative profiles within our knowledge base will improve the robustness of GDDA-BLAST measurements, in addition to improving computational performance.
Despite efforts by multiple investigators over 20 years, there still is no commonly accepted phylogenetic history of the retroelements. This is due, in large part, to the extreme divergence between the sequences in question, which compromises both multiple sequence alignment and phylogenetic analyses. GDDA-BLAST uses knowledge-based screens of SF&E domain profiles. Therefore, these independent measurements derive additional information toward characterizing the evolutionary history of proteins that cannot be easily obtained from multiple sequence alignment methods. Even in its nascent stage, GDDA-BLAST provides measurements that give independent support for phylogenetic studies and key insight into evolutionary relationships among distantly related and/or rapidly evolving proteins.
Materials and Methods
Sequence Collection. A total of 88 RT sequences were collected from GenBank and the Genetic Information Research Institute Repbase (http://www.girinst. org), representing a sample of the known diversity of RT-containing organisms (see Table S1 ; those curated from Repbase are denoted as TRACE).
Defining RT Domain Boundaries. We performed quantitative statistics of the overlapping alignments for 16 RT-specific profiles (extracted from CDD) in each of the 88 unmodified RT sequences. The start and end position were defined from the start of the most N-terminal alignment and the end of the most C-terminal alignment. Statistics for these alignments are reported in Table S2 and include (i) position of the alignments; (ii) the percentage identity and coverage of each alignment; (iii) the frequency (% of total) of each domain profile aligning in the total dataset of 88 RT sequences; and (iv) a list of the 16 RT profiles along with their identifier, length, and description.
GDDA-BLAST Phylogenetic Trees. Each RT was screened in GDDA-BLAST with 24,280 profiles at 10% seed size. For each profile scoring above threshold (60% coverage, 10% identity), a composite score was generated (%coverage ϫ %identity ϫ normalized hit number), creating an N (queries) ϫ M (profile) matrix. Next, the Euclidian distance for the product scores of each query sequence was calculated, creating an N (queries) ϫ N (Euclidian distance) matrix. These distances matrices can then be used to infer phylogenetic trees using an appropriate method (minimum evolution, neighbor joining, UPGMA, etc). See SI Materials and Methods for a complete description.
Statistical Estimation of Phylogenetic Trees. Two different statistical support values are provided on the branches of our best phylogenetic tree, which we obtained with 88 sequences and 24,280 domain profiles at 10% seed size. All branches in the tree are not necessarily supported by all of the statistical tests we performed. For each sample, we generated a minimum evolution tree and obtained a consensus tree of the trees. Given the consensus tree, we provided statistical support values on branches of our best phylogenetic tree if the branches were shared between the original tree and the tree obtained from the statistical test. See SI Materials and Methods for a complete description of all methods used.
